Functional Magnetic Resonance Imaging (fMRI) is a popular noninvasive modality to investigate activation in the human brain. The end result of most fMRI experiments is an activation map corresponding to the given paradigm. These maps can vary greatly from one study to the next, so quantifying the reliability of identified activation over several fMRI studies is important. The percent overlap of activation (Rombouts et al., 1998 and Machielsen et al., 2000) is a global reliability measure between activation maps drawn from any two fMRI studies. A slightly modified but more intuitive measure is provided by the Jaccard (1901) coefficient of similarity, whose use we study in this paper. A generalization of these measures is also proposed to comprehensively summarize the reliability of multiple fMRI studies. Finally, a testing mechanism to flag potentially anomalous studies is developed. The methodology is illustrated on studies involving left-and righthand motor task paradigms performed by a right-hand dominant male subject several times over a period of two months, with excellent results.
Introduction
The past two decades have seen the widespread adoption of functional Magnetic Resonance Imaging (fMRI) as a noninvasive tool for understanding human cognitive and motor functions.
The primary objective of fMRI is the identification of cerebral regions that are activated by a given stimulus or while performing some task. Accurate identification of such voxels is however challenged by factors such as scanner variability, potential inherent unreliability of the MR signal, between-subject variability, subject motion -whether voluntary, involuntary or stimuluscorrelated (Biswal et al., 1996; Genovese et al., 1997; Hajnal et al., 1994 ) -or the several-seconds delay in the onset of the blood-oxygen-level-dependent (BOLD) response as a result of the passage of the neural stimulus through the hemodynamic filter (Maitra et al., 2002) . Since most signal differences between activated and control or resting states are small, typically no more than 5% (Chen and Small, 2007) , there is strong possibility of identifying false positives. This lack of reliability is disconcerting (Buchsbaum et al., 2005; Derrfuss et al., 2005; Ridderinkhof et al., 2004; Uttal, 2001 )), so fMRI data are subject to pre-processing such as the removal of flow artifacts by digital monitoring and filtering (Biswal et al., 1996) or image registration to align time course image sequences to sub-pixel accuracy (Wood et al., 1998) . The quality of acquired fMRI data is only partially improved by such pre-processing: identified activation regions still vary from one study to the other. Quantifying the reliability of fMRI studies is therefore needed for drawing accurate conclusions (McGonigle et al., 2000; Noll et al., 1997; Wei et al., 2004) and is usually done by calibrating repeatability of activation results across multiple studies.
There are two main approaches to quantitating reliability of activation. The first involves the analysis of fMRI data that are acquired in one or more groups of subjects performing tasks at different time-points (called experimental replications) or under multiple stimulus or task-performance levels (experimental conditions). The intra-class correlation (ICC) (Shrout and Fleiss, 1979; Koch, 1982; McGraw and Wong, 1996) provides a measure of correlation or conformity between regions identified as activated in multiple subjects under two or more experimental replications and/or conditions (Aron et al., 2004; Fernández et al., 2003; Friedman et al., 2008; Manoach et al., 2001; Miezin et al., 2000; Raemekers et al., 2007; Sprecht et al., 2003) . Raemekers et al. (2007) also recently proposed a within-and between-measurements ICC for multi-subject studies with multiple experimental conditions. By design however, the ICC can not be used to determine reliability of activation in single-subject studies with several replications.
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A acquired on the same subject under the same experimental condition or under multiple subjects under the same experimental paradigm. In these scenarios, Rombouts et al. (1998) and Machielsen et al. (2000) have proposed a global reliability measure for any pair of fMRI studies: For any two replications (say, j and l), the percent overlap of activation is defined as ω j,l = 2V j,l /(V j +V l ), where V j,l is the number of three-dimensional image voxels identified as activated in both the jth and the lth replications, and V j and V l represent the number of voxels identified as activated in the jth and the lth experiments, respectively. Thus, ω j,l is a ratio of the number of voxels identified as activated in both replications to the average number of voxels identified as activated in each replication. Note that 0 ≤ ω j,l ≤ 1, spanning the cases measuring zero to perfect overlap in identified activation at the two ends of the scale. Raemekers et al. (2007) have proposed significance tests on the percent overlap using Fisher's z-transformation z = tanh −1 ω j,l , however, the basis for either the transformation (of a proportion rather than correlation coefficient) or the significance test (which tests for the null hypothesis that ω j,l = 0) in this framework is unclear.
A reviewer for this paper has pointed out that ω j,l is really identical to the Dice (1945) or the Sørensen (1948) similarity coefficient. As such, it has been well-studied in many applications and found to possess the undesirable property known as "aliasing" (Tulloss, 1997) , i.e. different input values can result in values that are very similar to one other. Ruddell et al. (2007) also found the Jaccard (1901) similarity coefficient to be the best among a range of similarity indices in the context of comprehensively measuring social stability. Additionally, its complement from unity is a true distance metric (Levandowsky and Winter, 1971) . This paper, therefore, introduces and studies its use in quantifying fMRI reproducibility in Section 2.1. This measure, although a slight modification to the Rombouts et al. (1998) and Machielsen et al. (2000) definition of ω j,l , is seen to be both intuitive and physically interpretable. At the same time, like ω j,l , it is also a pairwise reliability measure so that we get
There is no obvious way to combine these into a single, easily understood measure of activation reliability. In Section 2.2, I develop a way to describe these M 2 overlap measures, using a spectral decomposition of the matrix of these overlap measures to arrive at a interpretable summary. This is followed by a novel use of the summarized overlap measure in flagging outliers among the M studies, for which a testing strategy is proposed in Section 2.3. Accounting for such outliers in inference can provide more accurate determination of activated regions over several studies. As opposed to the exploratory approaches to outlier detection proposed by Kherif et al. (2003), Luo and Nichols (2003) or Seghier et al. (2007) , my testing strategy is more formal and supplements the approaches of McNamee and Lazar (2004) or Woolrich (2008) . Section 3 demonstrates the methodology of Section 2 on two sets of experiments involving motor paradigms that were replicated on the same subject twelve times over the course of two months. The paper concludes with some discussion.
Statistical Methodology

The Jaccard Similarity Coefficient as a Modified Percent Overlap of Activation
Define the modified percent overlap of activation between any two fMRI studies ( j and l) as
where V j , V l and V j,l are as before. The measure m ω has a set-theoretic interpretation: specifically, it is the proportion of voxels identified as activated in both the lth and jth replications among the ones that have been identified as activated in either. As such, it is analogous to the Jaccard (1901) similarity coefficient. Further, it can also be viewed as the conditional probability that a voxel is identified as activated in both the lth and the jth replications, given that it is identified as activated in at least one of the two replications. There is thus a more natural justification for defining m ω jl than there is for ω jl .
Both ω j,l and m ω j,l apply to single-subject test-retest studies as well as to cases where registered fMRI data are acquired on multiple subjects under the same experimental paradigm. Further 0 ≤ ω j,l , m ω j,l ≤ 1 with ω j,l = m ω j,l = 0 when V j,l = 0 (i.e., no voxels activated in both replications) and ω j,l = m ω j,l = 1 when V j,l = V j = V l (i.e., the same voxels are identified as activated in the jth and lth replications). However, ω j,l and m ω j,l share a non-linear relationship between 0 and 1. To see this, note that dividing both the numerator and denominator in (1) by 2V j,l for V j,l 0 yields
Since m ω j,l = ω j,l = 0 when V j,l = 0, this relationship holds always. Also, ω j,l ≤ 1, so that 0 ≤ m ω j,l ≤ ω j,l ≤ 1, with equality only when both are zero or unity.
[ Figure 1 about here.] Figure 1 shows the relationship between m ω j,l and ω j,l . Both m ω j,l and ω j,l climb from a minimum value of zero to a maximum value of unity, but they do so at different rates. I next contend through two illustrative example scenarios that m ω j,l provides a more natural quantification of overlap. All my examples are on putative registered activation maps of dimensions 128 × 128 × 22 voxels: thus they contain 360,448 voxels. Further, my examples are chosen to have between only 1-3.7% of active voxels in any replication, to mimic the often low rate of active voxels in an imaging study.
Illustrative Example 1. Replication A has 3,604 (1%) activated voxels while Replication B has 10,813 (3%) activated voxels, with 1,081 (0.3%) voxels commonly identified as activated in both replications, so there are 3, 604 + 10, 813 − 1, 081 = 13, 336 (3.7%) voxels activated in at least one of the two replications. If our basis were these 13,336 voxels, a natural measure of coincidence is the proportion of these voxels in the overlapping area i.e., the 1,081 voxels. Now 1, 081/13, 336 = 0.081 which is exactly m ω. This measure is therefore more intuitive than ω = 0.150.
Illustrative Example 2. This example has the same number of activated voxels for both replications as before, but there are 3,243 (0.9%) voxels commonly identified as activated in both replications. Here m ω = 0.29 while ω = 0.45. The value of ω is three times that of the previous example which may, at first glance, seem appropriate -after all, there are three times more common activated voxels -but the number of commonly active voxels, is over a basis of far fewer voxels (11,174) than previously (13,336). Thus, there is far more reliability in activation than three times the previous value, as suggested by ω: m ω which at 0.29 is 3.625 times the corresponding value in the previous example, provides a better quantification of the relative sense of this reliability.
In this section, I have introduced the Jaccard similarity coefficient as a modified measure of the percent overlap of activation. I now introduce a generalized measure to summarize several percent-overlap-of-activation measures. 
Summarizing Several Pairwise Overlap Measures
Suppose we have M activation maps, each obtained from a fMRI study under the same experimental paradigm. Define m ω j, j = ω j, j = 1 for j = 1, 2, . . . , M. For each pair ( j, l); 1 ≤ j, l ≤ M of studies, let ω j,l be the percent overlap of activation and m ω j,l be its corresponding modified version.
Further, let Ω = ω j,l j=1,2,...,M;l=1,2,...M and m Ω = m ω j,l j=1,2,...,M;l=1,2,...M be the matrices of the corresponding ω j,l s and m ω j,l s. These m ω j,l s and ω j,l s are all pairwise overlap measures which need to be summarized. Before proceeding further, I note that a generalized overlap measure between all studies could be defined in terms of the proportion of the voxels identified as activated in all replications out of those identified as activated in at least one replication; but, given the low rate of active voxels and high variability in activation in many fMRI studies, this measure would in many cases be too small to be of much practical value. Colwell and Coddington (1994, page one set of studies to the next. For more modest-sized M, the maximum possible attained value is not known so that quantification is an even bigger issue. I therefore propose to derive a measure summarizing the matrix of pairwise overlaps. To fix ideas, I develop methodology here using m Ω but emphasize that derivations are analogous for Ω.
Before deriving a summarized measure over all M studies, I note that there is highest reliability between them when m ω j,l = 1 for all j, l ∈ {1, 2, . . . , M}, the M × M-matrix of ones. On the other hand, the worst case is when there is zero pairwise overlap between any two fMRI maps, then
m Ω = I M , the M × M identity matrix. Any summarized measure should assess these best-and worst-case scenarios at the two ends of the scale. I now proceed with my derivations. ) be the eigenvalues of m Ω; these values are all real since m Ω is a symmetric matrix. Further, the trace of m Ω is M, hence m λ (1) > 0. I define the summarized measure of the modified percent overlap of activation, i.e., the summarized multiple Jaccard similarity
where the last equality follows from the fact that the trace of m Ω is also equal to
The motivation for this derivation comes from principal components analysis (PCA) in statistics. In PCA, the ratio of the largest eigenvalue to that of the sum of all the eigenvalues measures the proportion of variation explained by the first principal component (PC). The first PC is that projection of the data which captures the maximum amount of variability in the M coordinates. PCA can be performed by obtaining a spectral decomposition of either the correlation or the covariance matrix, with differing results: since m Ω has the flavor of a correlation matrix with unity on the diagonals and off-diagonal (nonnegative) elements of less than unity, I motivate s m ω using the analogue to the correlation matrix. When the correlation matrix is identity, the coordinates are all independent and the first PC captures only 1/M fraction of variability in the data. On the other hand, when the correlation matrix is equal to J M , then all the information is carried in one coordinate: thus the first PC explains 100% of the variation in the data. When m Ω = I M , all eigenvalues are the same so that the ratio of the largest eigenvalue m λ (1) to the sum of the eigenvalues is equal to 1/M. This is the worst-case scenario, so we shift and scale the value such that the summarized measure is zero.
Alternatively, when m Ω = J M , m λ (1) = M and all other eigenvalues are zero. This is the best-case scenario, with perfect overlap between all replications, so the summary should take its highest possible value of 1:
is shifted and scaled to equal 1. Solving the two simultaneous equations for the best and worst cases yields the proposed summarized measure 
Identifying Outlying and Anomalous Activation Maps
This section develops a testing tool using s m ω in order to identify studies that are anomalous or outliers. As before, s m ω is calculated from the M studies. Further, for each j = 1, 2, . . . , M, let s m ω − j be the summarized overlap measure obtained from the M − 1 studies with the jth study deleted.
If the jth study is not very similar to the other studies, i.e. m ω j,l is low for l j, then including it should result in a much lower s m ω than s m ω − j . I propose a testing scheme to flag such studies. To do so, I advocate using as my measure
My motivation for applying the arcsine transformation on the s m ω − j arises from the variancestabilizing transformation ψ(p) = 2 π arcsin √ p often used to approximate the distribution of the proportion of success in binomial trials using a constant-variance normal distribution. Because 0 ≤ s m ω ≤ 1, we have a similar framework as a proportion. However, the distributional assumption governing the form of ζ − j is not known. In any case, the normal approximation (to the binomial distribution) is asymptotic and not very accurate for small M: therefore I propose using a jackknife test (Efron, 1979; Efron and Gong, 1983) . I obtain a jackknifed variance estimate of ζ − j for
is the summarized overlap measure obtained using all but the jth and the kth studies. The jackknifed variance estimator for ζ − j is then given by
whereζ − j is the jackknifed mean given bȳ
The test statistic for detecting significant reduction in the summarized overlap measure upon including the jth study (and hence detecting if it is anomalous) is given by A reviewer has pointed out that the pairwise Jaccard similarity coefficient m ω jl , while a proportion, is still a ratio of the number of voxels activated in both the jth and the lth replications to the number of voxels activated in at least one of them. This is also true of the pairwise percent overlap measure of activation proposed by Rombouts et al. (1998) and Machielsen et al. (2000) .
The distribution of the ratios of random variables is quite complicated and can bring with it a host of issues (see, for instance Allison et al., 1995) . The use of the jackknife, however means that no assumptions are made on the distribution of either the numerator or the denominator in any of the pairwise measures involved in the construction of the (jackknifed) variance estimator in (3). This allays potential concerns on distributional assumptions as a consequence of using ratios of random variables. 
Illustration and Application to Motor-task Experiments
Experimental and Imaging Setup
The methodology was applied to two replicated sets of experiments, with each set corresponding to right-and left-hand finger-thumb opposition tasks, performed by the same normal right-hand dominant male volunteer, after obtaining his informed consent. Each set of experiments consisted of twelve sessions conducted over a two-month period. The experimental paradigm in a session consisted of eight cycles of a simple finger-thumb opposition motor task, with the experiment performed by the right or left hand depending on whether the session was for the right-or left-hand experiment. During each cycle, the subject conducted finger-thumb opposition of the hand for 32 seconds, followed by an equal period of rest. MR images for both experiments were acquired on a GE 1.5 Tesla Signa system equipped with echo-planar gradients, with inter-session differences minimized using Noll et al. (1997) 's recommendations on slice-positioning. For each fMRI session, a single-shot spiral sequence (TE/TR = 35/4000 ms) was used to acquire twenty-four 6 mm-thick slices parallel to the AC-PC line and with no inter-slice gap. Thus, data were collected at 128 time points. Structural T 1 -weighted images were also acquired using a standard spin-echo sequence (TE/TR = 10/500 ms). The data were transferred from the scanner on to an SGI Origin 200 workstation where image reconstructions were performed. Motion-related artifacts in each replication were reduced via the Automated Image Registration (AIR) software using the default first image as target, and then the time series at each voxel Wood et al. (1998) was normalized to remove linear drift. Further residual misregistration between the twelve sessions was minimized by application of inter-session registration algorithms in AFNI (Cox and Hyde, 1997) . Functional maps were created for each session after computing voxel-wise t-statistics (and corresponding pvalues) using a general linear model, discarding the first three image volumes (to account for T 1 saturation effects) and assuming first-order autoregressive errors, using sinusoidal waveforms with lags of 8 seconds. The choice of waveform represented the BOLD response with the lag duration corresponding to when the response was seen after the theoretical start of the stimulus. Activation maps were drawn using the R package AnalyzeFMRI and Random Field theory and the expected
Euler characteristic derivations of Adler (1981) and Worsley (1994) at a significance level of 5%. The methodologies developed in this paper were applied to these maps. All computations were
written using the open-source statistical software R (R Development Core Team, 2009).
Results
[ Figure (All displayed maps in this paper are in radiologic views and overlaid on top of the corresponding T 1 -weighted anatomical images.) The specific slices were chosen for display because they encompass the ipsi-and contra-lateral pre-motor cortices (pre-M1), the primary motor cortex (M1), the pre-supplementary motor cortex (pre-SMA), and the supplementary motor cortex (SMA). Clearly, there is some variability in the results for the right-hand task. In Figure 2a for instance, all experiments identify activation in the left M1 and in the ipsi-lateral pre-M1 areas, but there is some modest variability in the identified activation in the contra-lateral pre-M1, pre-SMA and SMA voxels, with some experiments reporting very localized or no activation and others having these regions as activated and somewhat diffused in extent. Slices for the left-hand finger-thumb opposition task experiments in Figure 2b , on the other hand, show far more variability, both in location and extent. It is interesting to note that while most experiments identify activation in the right M1, the ipsi-lateral, contra-lateral pre-M1, pre-SMA and SMA areas, they also often show activation in the corresponding left regions. The case of the eighth replication is extremely peculiar. Most of the activity in the four slices are in the left areas and the right areas have little to no activation.
This makes one wonder if the naturally right-hand dominant male volunteer had, perhaps unintentionally and out of habit, used his right hand instead of his left in performing some part of the experimental paradigm. In summary, there is clearly far more variability in the left hand set of experiments than in the right hand set. We now assess the reliability in each set separately.
Reliability of right-hand finger-thumb opposition task experiments
[ Figure 3 [ Figure 4 about here.]
The coefficient of variation in the jackknife-estimated standard deviations ofζ − j s was around 0.0501: this indicates that the arc-sine transformation was able to stabilize the variance substantially. Figure 4 plots the computed τ − j against j for each j = 1, 2, . . . , 12. Note that the values of τ −10 and τ −11 are fairly high: indeed, the corresponding fMRI maps would be identified as significant outliers if we used an expected FDR (eFDR) of q = 0.05, but not so using an eFDR of q = 0.01. Thus they may be considered to be moderate outliers: this finding is in keeping with the general impression we obtained from Figure 2a . Eliminating the moderate outliers increases the summarized overlap measure: s m ω −(10,11) = 0.287 ( s ω −(10,11) = 0.432). Figure 5a and b displays the composite activation map obtained upon combining all the replications and all but the tenth and eleventh replications, respectively. Each composite map was obtained by averaging the t-statistics for each study (Lazar et al., 2002) and determining activation as before using the Random Field theory of Worsley (1994) at 5% significance. The activated regions in Figure 5b are slightly more defined than in Figure 5a . This makes sense because the effects of the less reliable studies have been removed in constructing the composite activation map of Figure 5b .
[ Figure 5 Figure 6 presents the case for using m ω over ω very well. In Figure 6a , the value of ω 8,2 is in the middle third of the scale for Ω: thus, the graphical display would cause us to hesitate before declaring that the activation identified in the eighth and second replications are very different from each other. However, Figure 2b does not provide much justification for such second thoughts, corroborating the value of m ω8, 2 (which is in the lower third of the values graphically displayed in Figure 6b ). Values of m ω 11, j (and ω 11, j ) are also low for all j 11 even though they are a bit higher than for m ω 8, j and ω 8, j . The summarized measure over all twelve replications was s m ω = 0.187 and s ω = 0.303. Thus, there is far less reliability in identified activation in this set of experiments relative to the right-hand set. We now identify potentially anomalous fMRI studies in the left-hand set.
Once again, the coefficient of variation in the jackknife-estimated standard deviations of ζ − j is small, around 0.093 so that the variance stabilizing transformation is seen to do a good job in terms of homogenizing variances in both sets of our experiments. activated in the two composite maps. Slices 18 through 21 have more significant voxels in the left areas of (a) than in (b) and fewer significant voxels in the right areas of (a) than in (b). There is therefore increased localization in the identified activation when the eighth study is excluded.
Sensitivity to thresholding values
[ Figure 9 about here.]
A reviewer has very kindly pointed out that the outliers identified in Sections 3.2.1 and 3.2.2 are from fMRI activation maps drawn using Random Field theory and at a significance threshold of α = 0.05. The methodology was therefore applied to activation maps drawn using the same approach but with more conservative significance thresholding (α = 0.01 and α = 0.001). Figure 9 displays the τ − j 's obtained from activation maps at the two significance thresholds for the rightand the left-hand experiments. The tenth and eleventh fMRI studies are again the only ones identified as moderately anomalous for the right-hand experiments at both α = 0.01 and α = 0.001. As before, the eighth fMRI study is also the only extreme outlier in the left-hand set while the eleventh study is the only moderate outlier. The outlier-detection strategy thus appears to be remarkably robust to the exact significance thresholding selected in creating our fMRI maps.
In this section, I have demonstrated use of the Jaccard similarity coefficient as a modified measure for the pairwise percent overlap of activation and shown that it can provide a better sense of reliability. I have also illustrated the use of my summary measure for quantifying the overall percent overlap of activation from multiple fMRI studies. Finally, I have illustrated the utility of the developed testing tool to identify potentially anomalous fMRI maps and have also shown that it is fairly robust to different choices of thresholding used in the preparation of fMRI activation maps. et al. (1998) and Machielsen et al. (2000) have proposed a measure of the percent overlap in voxels that are identified as activated in any pair of replications. Although novel in the context of studying fMRI reproducibility, this measure is the same as the Dice coefficient (Dice, 1945; Sørensen, 1948) which is known to have several drawbacks. This paper has 14 NOTICE:this is the author's version of a work that was accepted for publication in NeuroImage. Changes resulting from the publishing process, such as peer review, editing, corrections structural formatting, and other quality control mechanisms may not be reflected in this document. Changes may have been made to this work since it was submitted for publication. investigated use of the Jaccard similarity coefficient by slightly modifying the Rombouts et al.
Discussion
Rombouts
(1998) and Machielsen et al. (2000) measure. The modified measure is seen to incorporate a more intuitive set theoretic interpretation, which is demonstrated through some illustrative examples as well as through application to two replicated fMRI datasets. A summarized percent overlap measure of activation (the summarized multiple Jaccard similarity coefficient) for quantifying reliability of activation over multiple fMRI studies has also been proposed. A testing strategy has also been developed that uses improvements in the summarized multiple Jaccard similarity coefficient upon excluding studies to evaluate whether a particular study is an outlier or an anomaly and should be discarded from the analysis. Although developed and demonstrated on test-retest studies with replicated activation maps on a single subject, the methodology is general enough to apply to multi-subject fMRI data.
We have applied our developed methodologies to two sets of replicated experiments performed by the same right-hand-dominant normal male volunteer. The two sets of experiments pertained to finger-thumb opposition tasks performed by the subject using his right and his left hand respectively. Our summarized measures of percent overlap of activation are substantially higher for the right-hand task than for the left-hand task. This agrees with the visual cues provided in Figure 2 where we noticed substantially more variability in the activation maps for the left-hand task experiments than for the right-hand ones. We have further used our testing strategy to flag down potentially anomalous replications: for the right-hand task experiment, there were two moderately anomalous studies. For the set of experiments on the left-hand tasks, the eighth replication was an extreme anomaly while the eleventh study was moderately anomalous. Deleting these studies resulted in both increased localization and spatial extent of the composite fMRI maps. Finally, the outlier detection was seen to be remarkably insensitive to the choice of thresholding used in the creation of the original activation maps.
There are a number of benefits that our suggested testing mechanism for flagging anomalous studies provides. A study identified as a potential outlier may trigger further investigation since there are several reasons why a study may be flagged as anomalous. For one, it may point to physical issues with regard to the scanner. Alternatively, and in the context of multi-subject studies, this may be useful for clinical diagnosis: for example, it may be worth investigating why a partic-
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NOTICE:this is the author's version of a work that was accepted for publication in NeuroImage. Changes resulting from the publishing process, such as peer review, editing, corrections structural formatting, and other quality control mechanisms may not be reflected in this document. Changes may have been made to this work since it was submitted for publication. ular subject had a very different activation map. In other words, this can point the researcher and the neurologist to the need for further clinical investigation and diagnosis. In the testing scheme developed in Section 2.3, we only evaluated the effect of removing one observation at a time. It would be interesting to investigate the effect of removing multiple observations. Another avenue worth pursuing is the development of similar measures for grouped fMRI studies. Thus, while this paper has made a promising contribution, several issues meriting further attention remain.
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A For each slice, we display the p-values of activation for the thresholded voxels using a t-test of the motor function for the twelve replications of the finger-thumb opposition experiment performed by (a) the right hand and (b) the left hand of the same right-hand dominant male volunteer. Note the differences in location and extent of activation over the twelve replications. Note, also the substantial more variability in the experiments performed by the subject's left hand than on the right.
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